Abstract: It is difficult to accurately identify and extract bodies of water and underwater vegetation from satellite images using conventional vegetation indices, as the strong absorption of water weakens the spectral feature of high near-infrared (NIR) reflected by underwater vegetation in shallow lakes. This study used the shallow Lake Ulansuhai in the semi-arid region of China as a research site, and proposes a new concave-convex decision function to detect submerged aquatic vegetation (SAV) and identify bodies of water using Gao Fen 1 (GF-1) multi-spectral satellite images with a resolution of 16 meters acquired in July and August 2015. At the same time, emergent vegetation, "Huangtai algae bloom", and SAV were classified simultaneously by a decision tree method. Through investigation and verification by field samples, classification accuracy in July and August was 92.17% and 91.79%, respectively, demonstrating that GF-1 data with four-day short revisit period and high spatial resolution can meet the standards of accuracy required by aquatic vegetation extraction. The results indicated that the concave-convex decision function is superior to traditional classification methods in distinguishing water and SAV, thus significantly improving SAV classification accuracy. The concave-convex decision function can be applied to waters with SAV coverage greater than 40% above 0.3 m and SAV coverage 40% above 0.1 m under 1.5 m transparency, which can provide new methods for the accurate extraction of SAV in other regions.
Introduction
Aquatic vegetation plays an important role in the regulation of lake ecosystems, but in recent years, lake water quality has continuously deteriorated in semi-arid areas. The declining water quality is marked with severe eutrophication, frequent algal blooms, shrinking areas with aquatic vegetation, and even extinction of some vegetation [1] . To better provide early warnings of potential algal bloom outbreaks and accomplish dynamic monitoring of aquatic vegetation, rapid, large-scale, and regular monitoring of aquatic vegetation via remote sensing is an indispensable tool [2, 3] . In the early years of remote sensing technology, aerial images were utilized to monitor aquatic vegetation [4, 5] . As remote sensing technologies evolved, moderate-resolution imaging spectroradiometer (MODIS) satellite images with low resolution and high frequency [6, 7] ; Landsat thematic mapper (TM), enhanced thematic mapper plus (ETM+); and Huangjing-1A/B (HJ-1A/B) images with medium resolution [8] [9] [10] ; as well as QuickBird, IKONOS, and other high-resolution images became 
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The GF-1 satellite carries a 2-m panchromatic camera, an 8-m multispectral camera, and four 16-m wide field view (WFV) cameras, and was launched by China on 26 April 2013. To classify aquatic vegetation, GF-1 WFV images with a resolution of 16 m were chosen, including three visible light bands (blue (band 1), green (band 2), and red (band 3)), and one NIR band (band 4), which are similar to the first four bands of Landsat TM images. With the four multispectral cameras combined, a swath width of 800 km was achieved. The specifications of GF-1 WFV cameras are shown in Table 1 . Two images that showed abundant vegetation information from Lake Ulansuhai on 2 July and 8 August in 2015 were selected as the classification data source (because the image on 8 August 2015 contained some cloud, the cloudy part was removed). The Environment for Visualizing Images (ENVI) was used for image pre-processing of ortho-rectification, radiometric calibration, and atmospheric correction. The Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) algorithm was adopted for atmospheric correction. The FLAASH model has been used as an effective method for the atmospheric correction of GF-1 images, and can provide accurate surface reflectance [34, 35] . Landsat8 Operational Land Imager (OLI) data was used as the reference image for geometric correction, with correction error controlled within 0.5 pixels. The GF-1 data were provided by the China Centre for Resources Satellite Data and Application. Dominant species of aquatic vegetation in Lake Ulansuhai. SAV: submerged aquatic vegetation.
The GF-1 satellite carries a 2-m panchromatic camera, an 8-m multispectral camera, and four 16-m wide field view (WFV) cameras, and was launched by China on 26 April 2013. To classify aquatic vegetation, GF-1 WFV images with a resolution of 16 m were chosen, including three visible light bands (blue (band 1), green (band 2), and red (band 3)), and one NIR band (band 4), which are similar to the first four bands of Landsat TM images. With the four multispectral cameras combined, a swath width of 800 km was achieved. The specifications of GF-1 WFV cameras are shown in Table 1 . Two images that showed abundant vegetation information from Lake Ulansuhai on 2 July and 8 August in 2015 were selected as the classification data source (because the image on 8 August 2015 contained some cloud, the cloudy part was removed). The Environment for Visualizing Images (ENVI) was used for image pre-processing of ortho-rectification, radiometric calibration, and atmospheric correction. The Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) algorithm was adopted for atmospheric correction. The FLAASH model has been used as an effective method for the atmospheric correction of GF-1 images, and can provide accurate surface reflectance [34, 35] . Landsat8 Operational Land Imager (OLI) data was used as the reference image for geometric correction, with correction error controlled within 0.5 pixels. The GF-1 data were provided by the China Centre for Resources Satellite Data and Application. 
Acquisition of Field Data
Approximately at the acquisition time of the GF-1 images, a simultaneous field investigation was carried out from 2-5 July and 8-10 August 2015, totaling 146 investigation points, as shown in Figure 2 . In July and August 2015, the numbers of emergent vegetation sample points were 23 and 21, the numbers of SAV sample points were 32 and 25, and the numbers of Huangtai algae sample points were 25 and 20, respectively. The sampling locations were set according to the aquatic vegetation distribution, and were chosen such that the investigation covered the whole lake. The location coordinates and type of vegetation at each point were recorded. The sample area for all investigation points was over 64 m × 64 m (or equivalent to four pixels of GF-1 data). To further explore the spectral curve characteristics of SAV and water, the reflectance of SAV and water were measured with an Analytica Spectra Devices, Inc. (ASD) FieldSpec ® Handheld2™ Spectroradiometer in July 2016. The spectral curve changes of SAV with depth under different conditions were also measured in June 2018 unsing ASD FieldSpec ® 4 spectroradiometer. The wavelength response range of FieldSpec ® Handheld2™ and FieldSpec ® 4 spectroradiometer is 325-1075 nm and 350-2500 nm, respectively. Because of the presence of noise in the signal, we used only the range 350-900 nm.
Methods
The aquatic vegetation in Lake Ulansuhai was divided into three types, based on field monitoring: emergent vegetation, SAV, and Huangtai algae. Because of the flowering of vegetation in August, WFV1 image from GF-1 on 8 August 2015 was selected to analyze the spectral characteristics of different classes. ENVI 5.1 was used to plot the average spectral signature for different classes by combining endmember sample points at different locations for each class.
Identification and Detection of Land and Emergent Vegetation
According to Figure 3 , the land had a very high reflectance in the third band, meaning that band 3 could be used to identify land. Because of the chlorophyll content of emergent vegetation, it had strong absorption in blue and red light. Therefore, absorption valleys appeared in bands 1 and 3. As the emergent vegetation absorbed less green light, a small reflectance peak appeared in the green band. In the NIR band, the different refractive indices of the cell wall and lacuna inside the leaf caused multiple reflections, forming a high-reflection region [36] . The reflectance of emergent vegetation in band 4 was higher than the reflectance of other vegetation, and because the reflectance difference in bands 2 and 3 was also relatively high, band 4 or the combination of bands 2 and 3 could be used to extract the presence of emergent vegetation. Figure 3 shows that the spectral curve of Huangtai algae showed a high reflectance typical of vegetation in NIR. Therefore, NDVI could be used to distinguish Huangtai algae from the water body. The spectral curve of Huangtai algae with low density was observed to be similar to that of SAV. Huangtai algae has a yellowish color, which leads to increased reflectance in the red-light band (band 3) [33] . Huangtai algae had a relatively high reflectance in both bands 2 and 3, but SAV did not show a high reflectance in band 3 due to absorption at this wavelength, meaning that Huangtai algae and SAV could be distinguished from each other using B3-B2, calculated from their difference in bands 2 and 3. Figure 3 shows that the spectral curve of Huangtai algae showed a high reflectance typical of vegetation in NIR. Therefore, NDVI could be used to distinguish Huangtai algae from the water body. The spectral curve of Huangtai algae with low density was observed to be similar to that of SAV. Huangtai algae has a yellowish color, which leads to increased reflectance in the red-light band (band 3) [33] . Huangtai algae had a relatively high reflectance in both bands 2 and 3, but SAV did not show a high reflectance in band 3 due to absorption at this wavelength, meaning that Huangtai algae and SAV could be distinguished from each other using B3-B2, calculated from their difference in bands 2 and 3. Figure 3 shows that the spectral curve of Huangtai algae showed a high reflectance typical of vegetation in NIR. Therefore, NDVI could be used to distinguish Huangtai algae from the water body. The spectral curve of Huangtai algae with low density was observed to be similar to that of SAV. Huangtai algae has a yellowish color, which leads to increased reflectance in the red-light band (band 3) [33] . Huangtai algae had a relatively high reflectance in both bands 2 and 3, but SAV did not show a high reflectance in band 3 due to absorption at this wavelength, meaning that Huangtai algae and SAV could be distinguished from each other using B3-B2, calculated from their difference in bands 2 and 3. The reflectance of water and SAV fluctuates within a certain range around the average spectral curve. Because of the effects of water, the reflectance in the NIR and the red-light bands of aquatic vegetation growing underwater is weakened [37] . A rapid decrease in reflectance in the NIR band was observed as the aquatic vegetation was covered by water, but the absorption of red light was less. When SAV growth reached 43-51 cm below clear water, Cho et al. measured that the NDVI value was close to zero using multiple sensors because the NIR reflectance was completely weakened to the value of red-light reflectance [38] . Figure 4a ,b show the field-measured submerged vegetation and water spectral curves. The macrophytes above the water surface showed typical spectral characteristics of green vegetation, with reflection valleys at approximately 675 nm, a sharp reflectance increase at approximately 700 nm, and strong reflection in the NIR band (770-890 nm). The water also showed a reflection peak near 700 nm, after which the reflectance decreased because of the strong absorption of the water body, resulting in a low reflectance in the NIR band. Therefore, it was easy to divide the macrophytes above the water surface from the water body by judging whether there was a high reflectance in the NIR band. However, because of the impact of the water body, the reflectance of macrophytes below the water surface in the NIR band was greatly reduced and did not show a high reflectance, making them difficult to distinguish from the water body. The reflectance of water and SAV fluctuates within a certain range around the average spectral curve. Because of the effects of water, the reflectance in the NIR and the red-light bands of aquatic vegetation growing underwater is weakened [37] . A rapid decrease in reflectance in the NIR band was observed as the aquatic vegetation was covered by water, but the absorption of red light was less. When SAV growth reached 43-51 cm below clear water, Cho et al. measured that the NDVI value was close to zero using multiple sensors because the NIR reflectance was completely weakened to the value of red-light reflectance [38] . Figure 4a ,b show the field-measured submerged vegetation and water spectral curves. The macrophytes above the water surface showed typical spectral characteristics of green vegetation, with reflection valleys at approximately 675 nm, a sharp reflectance increase at approximately 700 nm, and strong reflection in the NIR band (770-890 nm). The water also showed a reflection peak near 700 nm, after which the reflectance decreased because of the strong absorption of the water body, resulting in a low reflectance in the NIR band. Therefore, it was easy to divide the macrophytes above the water surface from the water body by judging whether there was a high reflectance in the NIR band. However, because of the impact of the water body, the reflectance of macrophytes below the water surface in the NIR band was greatly reduced and did not show a high reflectance, making them difficult to distinguish from the water body. Based on the spectral response function of WFV1, the convolution method was applied to the ASD spectral field data to calculate the equivalent surface reflectance of submerged vegetation and water in four bands. We simulated GF-1 satellite data to further analyze the spectral characteristics of submerged vegetation and water. The equation is as follows:
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where i R denotes the equivalent surface reflectance of the ith band of WFV1, 1 λ to 2 λ is the spectral wavelength range of the ith band of WFV1, ) ( R λ is the corresponding reflectance at wavelength λ , and ) ( S i λ is the corresponding response value of the spectral response function of the ith band of WFV1 at wavelength λ .
The equivalent reflectance of submerged vegetation and the water body are shown in Figure 5a -c. The macrophytes above the water surface showed high reflectance in the NIR band and could be easily distinguished from the water body ( Figure 5a ). Figure 5b shows that some macrophytes growing below the water surface did not show high reflectance in the NIR band, and the reflectance of band 4 was lower than the reflectance of band 3, making its spectral characteristic curves similar to the spectral characteristic curves of water, increasing the difficulty of identifying the macrophytes using NDVI. The water spectral curve inflection point of band 3 remained convex, while the SAV Based on the spectral response function of WFV1, the convolution method was applied to the ASD spectral field data to calculate the equivalent surface reflectance of submerged vegetation and water in four bands. We simulated GF-1 satellite data to further analyze the spectral characteristics of submerged vegetation and water. The equation is as follows:
where R i denotes the equivalent surface reflectance of the ith band of WFV1,λ 1 to λ 2 is the spectral wavelength range of the ith band of WFV1, R(λ) is the corresponding reflectance at wavelength λ, and S i (λ) is the corresponding response value of the spectral response function of the ith band of WFV1 at wavelength λ. The equivalent reflectance of submerged vegetation and the water body are shown in Figure 5a -c. The macrophytes above the water surface showed high reflectance in the NIR band and could be easily distinguished from the water body ( Figure 5a ). Figure 5b shows that some macrophytes growing below the water surface did not show high reflectance in the NIR band, and the reflectance Remote Sens. 2018, 10, 1279 7 of 16 of band 4 was lower than the reflectance of band 3, making its spectral characteristic curves similar to the spectral characteristic curves of water, increasing the difficulty of identifying the macrophytes using NDVI. The water spectral curve inflection point of band 3 remained convex, while the SAV curve still had an absorption valley in band 3 with the curve around this inflection point either concave or convex with small convexity, which is consistent with the experimental results obtained by Cho et al. [39] . To distinguish between SAV and water, a concave-convex decision function was constructed, expressed as follows:
in which F denotes the concave-convex decision function. curve still had an absorption valley in band 3 with the curve around this inflection point either concave or convex with small convexity, which is consistent with the experimental results obtained by Cho et al. [39] . To distinguish between SAV and water, a concave-convex decision function was constructed, expressed as follows: Equation (2) denotes k1 − k2. When the curve around the inflection point is concave, (k1 − k2) > 0. When the curve around the inflection point is convex, (k1 − k2) < 0. Thus, a concave shape yields positive values, while a convex shape yields negative values.
Spectral characteristic curves of water and aquatic vegetation covered by water on GF-1 WFV images are shown in Figure 6 . In this figure, the spectral curve of water had a convex shape at the inflection point of band 3, and the spectral curve of SAV had a concave shape at the inflection point of band 3. If we assume the spectral characteristic curve functions of water and SAV are A(X) and B(X), respectively, k1, k2, k1 − k2, |k1 − k2|, and obtuse angle (α) at the inflection point can be calculated as shown in Table 2 . Table 2 shows that k1 − k2 of the spectral curve of water was negative, while k1 − k2 of the SAV spectral curve was positive. As the relative concavity or convexity of the spectral curve at the inflection point in band 3 increased, the obtuse angle decreased, and |k1 − k2| increased. In this case, |k1 − k2| is an appropriate metric to quantify the concavity and convexity of Equation (2) denotes k1 − k2. When the curve around the inflection point is concave, (k1 − k2) > 0. When the curve around the inflection point is convex, (k1 − k2) < 0. Thus, a concave shape yields positive values, while a convex shape yields negative values.
Spectral characteristic curves of water and aquatic vegetation covered by water on GF-1 WFV images are shown in Figure 6 . In this figure, the spectral curve of water had a convex shape at the inflection point of band 3, and the spectral curve of SAV had a concave shape at the inflection point of Remote Sens. 2018, 10, 1279 8 of 16 band 3. If we assume the spectral characteristic curve functions of water and SAV are A(X) and B(X), respectively, k1, k2, k1 − k2, |k1 − k2|, and obtuse angle (α) at the inflection point can be calculated as shown in Table 2 . Table 2 shows that k1 − k2 of the spectral curve of water was negative, while k1 − k2 of the SAV spectral curve was positive. As the relative concavity or convexity of the spectral curve at the inflection point in band 3 increased, the obtuse angle decreased, and |k1 − k2| increased. In this case, |k1 − k2| is an appropriate metric to quantify the concavity and convexity of the different spectra. Changes in transparency, depth, and coverage of SAV affect the reflectance of SAV. In order to further explore the transferability of the concave-convex decision function, we studied the effect of transparency, SAV depth, and coverage on the spectral curves of SAV. We conducted experiments with two different transparencies (0.6 m and 1.5 m), and we also set experiments on SAV with different coverage. SAV coverage ranged from 40% to 100%, and the SAV depth below the water Changes in transparency, depth, and coverage of SAV affect the reflectance of SAV. In order to further explore the transferability of the concave-convex decision function, we studied the effect of transparency, SAV depth, and coverage on the spectral curves of SAV. We conducted experiments with two different transparencies (0.6 m and 1.5 m), and we also set experiments on SAV with different coverage. SAV coverage ranged from 40% to 100%, and the SAV depth below the water surface ranged from 0 m to 1.3 m. The reflectance spectra of SAV was integrated to the four spectral bands of GF-1 using Equation (1).
Establishment of the Classification Tree Model
We propose decision variables based on the above analysis, namely, the concave-convex decision function, the single band, and combinations of multiple-bands. These were incorporated in the Threshold values in the decision tree were repeatedly adjusted and modified according to 50% of the field survey sample points to obtain the optimum threshold values (the other 50% of field sample points were used for validation).
Remote
. Establishment of the Classification Tree Model
We propose decision variables based on the above analysis, namely, the concave-convex decision function, the single band, and combinations of multiple-bands. These were incorporated in the construction of a decision tree model for aquatic vegetation classification, as shown in Figure 7 , where DV denotes decision variable, and a, b, c, d, e, and f denote the optimum threshold values of the decision variables.
Threshold values in the decision tree were repeatedly adjusted and modified according to 50% of the field survey sample points to obtain the optimum threshold values (the other 50% of field sample points were used for validation). 
Results
Separability of Spectral Characteristic Variables
NDVI can generally differentiate between water and vegetation, but it is unable to efficiently extract aquatic vegetation underwater because of the interference from the body of water. The image of Lake Ulansuhai in August of 2015 was used to calculate the frequency distribution of different objects in the areas of interest. Figure 8a shows that water and SAV had a large overlapping area when classified using NDVI, which led to a decrease in classification accuracy as water and SAV were confused. However, when classified using the concave-convex decision function, water and SAV could be distinguished well (Figure 8b) , indicating that the concave-convex decision function was better than NDVI in the accurate classification of water and SAV. Figure 8c shows that emergent vegetation was distinguishable from other vegetation using band B4. Huangtai algae and SAV could be differentiated using a combination of bands B3 and B2 (Figure 8d ). 
Results
Separability of Spectral Characteristic Variables
NDVI can generally differentiate between water and vegetation, but it is unable to efficiently extract aquatic vegetation underwater because of the interference from the body of water. The image of Lake Ulansuhai in August of 2015 was used to calculate the frequency distribution of different objects in the areas of interest. Figure 8a shows that water and SAV had a large overlapping area when classified using NDVI, which led to a decrease in classification accuracy as water and SAV were confused. However, when classified using the concave-convex decision function, water and SAV could be distinguished well (Figure 8b) , indicating that the concave-convex decision function was better than NDVI in the accurate classification of water and SAV. Figure 8c shows that emergent vegetation was distinguishable from other vegetation using band B4. Huangtai algae and SAV could be differentiated using a combination of bands B3 and B2 (Figure 8d ).
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Classification Results and Validation
Information about aquatic vegetation was extracted from satellite images in July and August of 2015 using the aquatic vegetation classification tree model. The spatial distribution of all vegetation types was obtained as shown in Figure 9 .
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The confusion matrix based on 50% of the sample data from both the July and August 2015 image classification is shown in Table 3 , showing that the overall accuracy of the two classifications was 92.17% and 91.79%, respectively, and the kappa coefficients were 0.8995 and 0.8935, respectively. These results indicate a relatively good classification performance, which provides a theoretical basis for dynamic monitoring of aquatic vegetation in Lake Ulansuhai. The producer and user accuracies of SAV in August 2015 were 93.85% and 91.04%, respectively. The producer and user accuracies of Huangtai algae were 93.33% and 84.00%, respectively. NDVI was also used to distinguish between water and SAV, resulting in SAV producer and user accuracies of 69.23% and 84.91%, respectively, and in SAV test samples, 26.15% of SAV was classified as water. Clearly, the method proposed in this study greatly improved the classification accuracy. Figure 10 shows the variation of the SAV reflectance with depth below the water surface under different transparencies in the four bands of GF-1. The vegetation coverage was 100% and the water depth varied from 0 m to 0.5 m and 1.3 m. The NIR reflectance continuously decreased with increasing water depth. With 0.6 m transparency, the typical NIR high reflectance in the vegetation spectra was preserved up to 0.1 m, but was not visible for depths greater than 0.3 m. In a water body with a transparency of 1.5 m, the NIR reflectance decreased by 85.82% from 0 m to 0.3 m, but the NIR reflectance was still higher than that in the red band. The producer and user accuracies of SAV in August 2015 were 93.85% and 91.04%, respectively. The producer and user accuracies of Huangtai algae were 93.33% and 84.00%, respectively. NDVI was also used to distinguish between water and SAV, resulting in SAV producer and user accuracies of 69.23% and 84.91%, respectively, and in SAV test samples, 26.15% of SAV was classified as water. Clearly, the method proposed in this study greatly improved the classification accuracy. Figure 10 shows the variation of the SAV reflectance with depth below the water surface under different transparencies in the four bands of GF-1. The vegetation coverage was 100% and the water depth varied from 0 m to 0.5 m and 1.3 m. The NIR reflectance continuously decreased with increasing water depth. With 0.6 m transparency, the typical NIR high reflectance in the vegetation spectra was preserved up to 0.1 m, but was not visible for depths greater than 0.3 m. In a water body with a transparency of 1.5 m, the NIR reflectance decreased by 85.82% from 0 m to 0.3 m, but the NIR reflectance was still higher than that in the red band. 
SAV Spectral Curve Changes with Depth under Different Transparency and Coverage
Discussion
In this study, a decision tree classification was developed for classifying GF-1 imagery to extract the aquatic vegetation in Lake Ulansuhai. The use of this decision tree achieved high classification accuracy in two GF-1 images. However, there are still certain limitations to the application of this method. Huangtai algae started growing in May, and it was difficult to detect it at this time. In addition, SAV turned yellow after September, and its reflectance no longer showed any significant difference from the Huangtai algae in band 3. Therefore, this decision tree method is only applicable to the flowering season of aquatic vegetation in summer. Changes in the weather condition also affected the classification results, and thus the method is applicable to clear and cloudless weather (as applies to most satellite surveys). Most confusion of this method occurred in the extraction of land. This was due to the existence of mixed pixels, and some land edges of islands in the lake were classified as Huangtai algae. In the verification of the classification results, the producer accuracy of land in July and August was 82.61% and 75%, respectively. The water bodies achieved high classification accuracy in July and August, and their producer accuracy was 93.94% and 94.29%, respectively. However, a small part of the water was still classified as SAV because, in some channels, water had similar spectral characteristics to that of nearby vegetation due to limits in image resolution, indicating that it might be difficult to accurately extract channel water for remote sensing products at this resolution. In July, only 2.17% of SAV was classified as water, which was mainly due to the mixed pixels of SAV and water. Only 1.54% of the SAV was classified as water in August, which was mainly caused by low vegetation coverage and water transparency. The error of the emergent vegetation was mainly present in its incorrect division into SAV, which was largely due to the sparseness of the reeds in some areas and mixed pixels with the water and SAV. Huangtai algae achieved high producer accuracy of 92.86% and 93.33% in July and August, respectively. In July, 3.57% of Huangtai algae was mistakenly classified as SAV. A total of 2.22% of Huangtai algae was misclassified as SAV in August. 
In this study, a decision tree classification was developed for classifying GF-1 imagery to extract the aquatic vegetation in Lake Ulansuhai. The use of this decision tree achieved high classification accuracy in two GF-1 images. However, there are still certain limitations to the application of this method. Huangtai algae started growing in May, and it was difficult to detect it at this time. In addition, SAV turned yellow after September, and its reflectance no longer showed any significant difference from the Huangtai algae in band 3. Therefore, this decision tree method is only applicable to the flowering season of aquatic vegetation in summer. Changes in the weather condition also affected the classification results, and thus the method is applicable to clear and cloudless weather (as applies to most satellite surveys). Most confusion of this method occurred in the extraction of land. This was due to the existence of mixed pixels, and some land edges of islands in the lake were classified as Huangtai algae. In the verification of the classification results, the producer accuracy of land in July and August was 82.61% and 75%, respectively. The water bodies achieved high classification accuracy in July and August, and their producer accuracy was 93.94% and 94.29%, respectively. However, a small part of the water was still classified as SAV because, in some channels, water had similar spectral characteristics to that of nearby vegetation due to limits in image resolution, indicating that it might be difficult to accurately extract channel water for remote sensing products at this resolution. In July, only 2.17% of SAV was classified as water, which was mainly due to the mixed pixels of SAV and water. Only 1.54% of the SAV was classified as water in August, which was mainly caused by low vegetation coverage and water transparency. The error of the emergent vegetation was mainly present in its incorrect division into SAV, which was largely due to the sparseness of the reeds in some areas and mixed pixels with the water and SAV. Huangtai algae achieved high producer accuracy of 92.86% and 93.33% in July and August, respectively. In July, 3.57% of Huangtai algae was mistakenly classified as SAV. A total of 2.22% of Huangtai algae was misclassified as SAV in August. This may have been caused by the sparseness of Huangtai algae and mixture in the same pixel with SAV.
This study demonstrates that there is a sufficient difference in the spectral concavity and convexity between macrophytes below the water surface and water, and the concave-convex decision function could efficiently identify and detect the aquatic vegetation below the water surface. The spectral reflectance curves of submerged vegetation areas and non-submerged vegetation areas also exhibited similar concave-convex characteristics in Lake Pontchartrain [39] . However, the spectral signal of SAV is affected by various factors, such as water turbidity/transparency, the distance between vegetation canopies and the water surface, and SAV coverage. Liew et al. proved that the spectral curve of SAV can change with the change in water turbidity and water depth [43] . They found that the typical NIR peak of vegetation spectra could not be detected at a water depth of 1 m with turbidity 0.5 NTU, and vegetation could not be detected at 0.5 m with high turbidity (50 NTU). Beget et al. found that the reflectance in NIR of the flooded vegetation decreased as its flooding level increased [21] . Variation in these factors might lead to the change of suitable ranges of the decision function. In order to explore the applicable conditions of the concave-convex decision function under different transparency, vegetation depth, and coverage, we integrated field hyperspectral data to four bands of GF-1 based on Equation (1). This convolution method was based on the band range of GF-1, and the NIR ranged from 0.77-0.89 µm. Various remote sensing sensors may have slightly different calculation results because of their different band ranges. Therefore, the applicability of this method to other sensors still needs further exploration.
As shown in Figure 10 , at 0.3 m with 0.6 m transparency, although the NIR peak disappeared, the spectral curve of SAV was still concave in the third band. Thus, SAV could be judged by using the concave-convex decision function in this situation. However, this concave characteristic disappeared at 0.5 m. Overall, in a water body with a transparency of 0.6 m, the concave-convex decision function could be applied to 100% SAV coverage above 0.3 m. Below 0.3 m, both the water body and the SAV showed a convex shape in the third band, and they could be determined based on the included angle of the concave-convex decision function. In a 1.5-m transparency water body, the vegetation NIR peak still existed at 0.3 m due to SAV coverage of 100% and the high transparency of the water body, but it disappeared at 0.5 m. The range in which the SAV spectral curve was concave in the third band should be between 0.3 m and 0.5 m, but we did not capture the specific value because of the large interval setting of depth. As described in the results, SAV with 80% and 60% coverage in Figure 11 did not exhibit NIR high peak characteristics at 0.3 m. However, the SAV spectral curve was still concave in the third band at this depth. SAV could also be judged by using the concave-convex decision function. The concave shape of the SAV spectral curves in the third band both disappeared at 0.5 m. With 40% SAV coverage, NIR showed high reflectance above 0.1 m, but at 0.3 m, the concave shape of the SAV spectral curve in the third band disappeared. Therefore, when SAV coverage was less than 40%, even at 0.3 m, it is difficult to identify the SAV based only on the concave shape of the spectral curve. Overall, the concave-convex decision function could be applied to 80% and 60% SAV coverage above 0.3 m and 40% SAV coverage above 0.1 m under 1.5 m transparency.
Conclusions
It is almost impossible to accurately identify plants that grow underwater using conventional extraction methods for aquatic vegetation. The concave-convex decision function method proposed in this study could further accurately classify SAV from water bodies. When comparing the results of the concave-convex decision function method with the NDVI classification using the same data, the concave-convex decision function method clearly outperformed the NDVI classification. The decision function can be applied to waters with SAV coverage greater than 40% above 0.3 m and SAV coverage 40% above 0.1 m under 1.5 m transparency. With 100% SAV coverage under 0.6 m transparency, the concave-convex decision function can be applied up to 0.3 m. Combining the concave-convex decision function flexibly in the classification method (e.g., using a decision tree) can achieve the accurate extraction of SAV, and provides new ideas for the accurate extraction of SAV in other regions.
Another outcome of interest from this research is the potential utility of the GF-1 in aquatic vegetation classification. When aquatic vegetation information from two-period GF-1 remote sensing images in July and August 2015 was classified using the decision tree method from Lake Ulansuhai, China, the overall accuracy was 92.17% and 91.79%, respectively. Four bands from GF-1 (a satellite with higher resolution than TM and HJ-1A/B, a shorter revisit period, and good continuity) had relatively good applicability for information extraction of aquatic vegetation. High-resolution GF-1 images combined with a new decision function were able to provide a simple and effective method to dynamically and accurately monitor aquatic vegetation, especially SAV, on a large regional scale, and could provide support for long-term ecosystem health monitoring.
